Abstract-In this paper, a kinematic motion planning algorithm for cooperative spatial payload manipulation is presented. A hierarchical approach is introduced to compute realtime collision-free motion plans for a formation of mobile manipulator robots. Initially, collision-free configurations of a deformable 2-D virtual bounding box are identified, over a planning horizon, to determine a convex workspace for the entire system. Then, 3-D payload configurations whose projections lie within the convex workspace are computed. Finally, a convex decentralized model-predictive controller is formulated to plan collision-free trajectories for the formation of mobile manipulators. Our work facilitates real-time motion planning for the system and is scalable in the number of robots. The algorithm is validated in simulated dynamic environments.
I. INTRODUCTION
Coordination between robotic agents to collectively perform payload transportation tasks has recently piqued the interest of the robotics community [1] - [3] . In this paper, we address the problem of local motion planning for cooperative payload manipulation in dynamic environments. Each robot in the system is associated with a 6-degreesof-freedom (6-dof) manipulator and a holonomic mobile base, and, each manipulator grasps a common payload. The resulting system is a mobile parallel manipulator which is capable of non-planar payload manipulation. Planning realtime motion for such a setup in dynamic environments is challenging because of, (i) the high dimensional system configuration space, (ii) real-time environmental obstacles, and, (iii) inter-agent collision avoidance constraints which restrict the system to operate in a non-convex workspace. In this work, we present three key contributions to address the challenges mentioned above. (1) We propose a hierarchical motion planning algorithm which enables real-time non-planar mobile manipulation of a common payload in dynamic environments. (2) As part of this motion planning, we introduce a novel model-predictive controller (MPC) to identify real-time collision-free configurations of a deformable virtual bounding box. Subsequently, we identify feasible configurations of the payload which lie within the planned deformable virtual bounding boxes to guarantee environmental collision avoidance. (3) We then formulate a novel formation controller based on decentralized MPC to generate kinematically feasible, collision-free, trajectories for each robot. The manipulator configuration associated with ( * corresponding author email:surilshah@iitj.ac.in), R. Tallamraju, K. Karlapalem are with the AARG, IIIT Hyderabad, India, , D. H. Salunkhe is with the Dibris Department, University of Genoa, Italy. , S. Rajappa is with the Dept. of Computer Science, University of Tübingen, Germany. , A. Ahmad is with the Max Planck Institute for Intelligent Systems, Tübingen, Germany, , S.V. Shah is with the Mechanical Engineering Dept., IIT Jodhpur, India. each robot is determined using inverse kinematics between the payload grasp point and the position of the mobile base. We validate the efficacy of our motion planner by simulating the entire system setup in different environments consisting of both static and dynamic obstacles.
Virtual linkage models [4] were used to identify multigrasp forces for cooperative manipulation and control. Flexible object transportation using non-holonomic mobile manipulators was explored in [5] . In [6] , a screw theoretic framework was developed for planar payload mobile manipulation using multiple robots. Adaptive controllers [7] were studied for tracking a known trajectory and dealing with unknown payload inertia parameters using multiple robots. The above works do not consider non-planar rigid payload manipulation coupled with spatiotemporal motion planning constraints. In [8] , differential geometry based formation optimization was used to compute energy-efficient robot trajectories. Semi-definite [9] programming was leveraged to plan motion for robot formations, with constraints on shape templates, network-connectivity, and obstacle avoidance. Trajectory optimization [10] with linearized dynamics was solved as a sequential convex program to plan motion of robot swarms. Offline trajectory optimization was established for planar payload transportation using multiple passive 1-dof non-holonomic mobile manipulators [11] . An integer program [3] was proposed to geometrically plan motion for multi-mobile manipulator, spatial payload transportation. In [1] , [12] multi-robot planar mobile manipulation of a payload was achieved using non-linear optimization , which is solved as a sequential convex program. In contrast to the above works, each mobile manipulator in our system has the freedom of having significant relative motion between its end-effector grasp point and the mobile base. This freedom grants us the ability to plan kinematically feasible and energy optimal robot trajectories through dynamic environments.
II. OVERVIEW
A. Preliminaries Fig. 1 provides an overview of the notations used. Let there be K mobile manipulators transporting a payload P while tracking a moving target T . The position of T in the world frame at time t is denoted by x T t ∈ R 2 . The configuration ξ k t of each robot k ∈ [1 ...K] is defined by the position x k t and yaw ψ k t of the mobile base and the manipulator joint angles θ
The manipulator joint positions in the task space are denoted as m t near x T t , and, (ii) the multirobot system avoids all the obstacles in its vicinity. To address both these objectives, we formulate the hierarchical motion planning algorithm 1 , as detailed in Fig. 2 . Main steps, 1) compute
t in the direction of x T t , 2) avoid obstacles by deforming B (Sec. III-A), 3) spatially rotate P to ensure that its projection area lies within B over the horizon (Sec. III-B), 4) solve a novel decentralized MPC (section III-C) to compute efficient and collision-free mobile base trajectories, 5) solve inverse kinematics of manipulators in real-time.
III. HIERARCHICAL MOTION PLANNING
Sec. III-A describes a novel convex optimization formulation to plan the motion of a deformable virtual bounding box (DVB).Sec. III-B presents an optimization program to compute spatial payload configurations. Sec. III-C presents a decentralized MPC for robot navigation.
A. Deformable Virtual Bounding Box
The MPC for DVB navigation motion is as given below.
t of the bounding box in the vicinity of the target x T t is defined as,
where, ψ
T,B t
is the angle of x B t about the x T t and d des is a desired distance to T . The cost of the MPC is given as,
1 feasibility of hierarchical planner of Fig. 2 , is studied in [14] , Sec. IV.
where, u B t (n) ∈ R 2 is the translational velocity control input at discrete horizon step n. Ω u , Ω x are diagonal positive semi-definite weight matrices for the control and state costs respectively. Eq. (2) minimizes the control input and the distance between x B t and x
t over a fixed time horizon H. 2) Environmental Obstacle Avoidance: We compute artificial repulsive potential field vectors for a horizon and embed them as external control inputs in the MPC dynamics. This operation preserves optimization convexity as shown in [15] , [16] . The potential field magnitude w.r.t the i th obstacle is,
Here, z =
t and obstacle i. d max and d min are distances defining the region of influence of the potential field and the distance at which the potential field value tends to infinity respectively. In practice, H] is computed using the horizon motion plan of both the DVB and D i . The f dyn (n) acts along
, which is a unit vector pointing in
. The target is considered as an additional static obstacle.
3) Handling Field Local Minima: In cluttered static environments the DVB could stagnate in space due to field local minima. We propose the following approaches to resolve this. Approach Angle Force: To deviate the DVB away from obstacles which lie along the direction of approach to the target (introduced in [16] ), using (3), we compute the repulsive force f ang (n) as a function of absolute angular
Bounding-Box Deformations: The DVB can be deformed in size by regulating r B t over the horizon. Reducing r B t (n) reduces the region of influence of the potential field. This enables B to navigate through tight spaces. The deformation in r B t is applied over the MPC horizon, and the rate of this deformation is proportional to f B t (n). In our work, the DVB is deformed only along its width. For ease of navigation of the mobile manipulators, it is important to restore B to its original size in regions where obstacles are sparse. Therefore, the DVB is also associated with an expansion field f e t (n), which is directed towards increasing its width. DVB width w B t (n) and scale r B t (n) over a horizon are, w
Here, l B , w B t (n), are the length and variable width of the DVB respectively. k s , k e are positive constants with k s > k e . f e t (n) has a d min = min(r B t ) and d max = max(r B t ) which are the minimum and maximum deformations respectively.
4) MPC Formulation:
The motion planning adheres to the following constraints.
(1) LTI dynamics of x B t (8), (2) collision avoidance constraints incorporated as an external control input f B t ∈ R 2 , and, (3) position and control saturation bounds (9) . Dynamics, A = I 2×2 and control transfer B = ΔtI 2×2 where, I 2×2 is an identity matrix and Δt is the sampling time. (defined in (1)) as desired position and yaw.
B. Payload Motion Planning
The DVBs form a multi-scale convex workspace for the robots and the payload over the MPC horizon. The payload P is spatially rotated along its roll axis to ensure that its projectionP lies within the DVBs for environmental collision avoidance. A non-linear optimization program with objectives of minimizing roll φ t and angular velocity ω t of P over a planning horizon H p ≤ H is formulated. Moreover, in (5) w B t is lower bound using the width ofP at maximum payload roll φ max , which guarantees the existence of a feasible solution φ t . The non-linear moving horizon optimization is formulated as follows.
Here, w 1 , w 2 are constant positive weights on the objectives. Eq. (10) defines linear polygonal regional constraints for each vertex v i of the payload ∀n. Reg B t (n + 1) ∈ R 4×2 and b B t (n + 1) ∈ R 4 represent the planned DVBs. T F P is a homogeneous transformation (in SE(3)) of a point v i (defined in the payload local frame) to the world frame F, for a roll of φ t (n + 1) and a translation of x P t .T F P computes the projection of the transformed point onto the DVB. The points v i parameterize the payload. In our work, a cuboidal payload is used and is parameterized by its vertices v i , i ∈ [1, 8] . The extension to non-cuboidal payloads is straight-forward for known 3-D convex hull vertices. The constraint (11) controls the time evolution of φ t within the imposed state and control limits. The optimization minimizes the weighted sum of squares of φ t and ω t to ensure that payload rolls smoothly while staying within the planned DVBs (see Fig. 2 ). The solution at the first horizon step (i.e. φ * t (1)) is used as the roll at time t.
C. Decentralized Formation Motion Planning 1) 6-dof Manipulator:
The 6-revolute joints are visualized in Fig. 3a . The joint configuration is similar to industrial 6-dof manipulators like the UR-3 manipulator. The inverse kinematics (ikin) of the manipulator [14] between known g k t and robot base position x k t is analytically determined.
2) Inter-Robot Collision Avoidance:
We define an operational regional constraint for a horizon within B for each mobile base as shown in Fig. 1 . This region is undilated by the radius of the robot to guarantee inter-base collision avoidance (visualized in Fig. 3b ). For K robots the bounding box for each horizon step n is divided into K equally sized smaller bounding boxes around x B t . Each smaller bounding box can be represented as a linear constraint to guarantee inter-base collision avoidance. To ensure manipulation feasibility and avoid singular configurations, the dimensions of this regional constraint are geometrically limited by the link lengths of the manipulator, predefined height h P and the dimensions of P. , the repulsive field acting on each elbow joint directly translates to the mobile base. We incorporate this field as an external control input f k t for mobile base k in MPC dynamics. The region of influence of this field is equal to max( m
. This is highlighted using a dotted circle in Fig. 3b. 3) Cost: The robots must not only avoid collisions but also ensure that their energy consumption is minimal and their trajectories are feasible over the horizon H r ≤ H.
Here, u k t (n) ∈ R 2 is the translational velocity control input for robot k at horizon step n, x k re f (n + 1) is the predicted trajectory of k's regional constraint center and Ω u , Ω x are diagonal positive semi-definite weight matrices.
4) Formation Trajectory Optimization:
The optimal trajectory for a robot k is computed using the following MPC, 
IV. RESULTS AND DISCUSSION
In this section, we detail the results of our proposed motion planning algorithm. The DVB MPC and the decentralized formation MPC are both numerically solved using the operator splitting quadratic program (OSQP) solver [17] . The payload motion planning is solved as a sequential quadratic program. The algorithm is validated using multiple simulation environments varying in, (i) the number of static obstacles and dynamic obstacles, (ii) the number of robots, (iii) the dimensions of payloads, and, (iv) trajectories of a moving target. These results are best viewed in the video https://youtu.be/9EKj7RwRs_4. The proposed algorithm is implemented in Matlab and runs on an Intel i7-7700HQ CPU. For five different simulation environments, we tabulated the statistics of execution time for per iteration of the hierarchical motion planner in Table I . The execution time is relatively agnostic to the number of robots due to the decentralization. Despite using a Matlab implementation, we attain a low net average execution time t avg of 0.26 seconds. In the following subsections we investigate and discuss the results of our algorithm in three different environments. In each environment a target T navigates at approximately 0.4 ms −1 to provide high-level motion goals to the system. The state and control limits for the DVB are 
A. Three Static and Four Dynamic Obstacles
Six mobile manipulators are tasked with transporting a payload of dimensions 3 m × 3 m × 0.1 m through this environment while following T . Fig. 4 showcases top and isometric views as the system navigates through tight spaces. The dashed black line is the trajectory followed by T . The three static obstacles are visualized as pink cylinders, and the four dynamic obstacles are visualized as black cylinders. Green lines highlight the trajectories of dynamic obstacles. The motion of the system is best visualized in the following video https://youtu.be/9EKj7RwRs_4. d max = d min + 1.8 m defines f B t 's region of influence with an F max = 2.5 ms −1 . The limits on DVB scale 1.3 m ≤ r B t ≤ 2.12 m are defined using the projection of payload for φ t = 0 and φ t = φ max respectively. In Fig. 4 the red rectangles shows the motion of the DVB for H time steps. The payload (blue rectangle) orients itself to lie within the defined workspace. Each mobile base (blue cylinders) operates within its regional constraints (small pink rectangles) and each manipulator (in black) has a collision-free kinematically feasible configuration. Fig. 5 Notice that Fig. 4a and Fig. 5 are divided into three smaller timelines τ 1 , τ 2 , τ 3 . In τ 1 , the DVB deforms from r B t = 2.12 m to r B t = 2 m to avoid a dynamic obstacle and subsequently expands for about 10 s. In τ 2 , the DVB navigates through a narrow gap between static obstacles S 1 , S 2 causing a decrease in r B t . Next, it encounters multiple dynamic obstacles causing a sharp decrease to r B t = 1.75 m, as observed in Fig. 5(d) . In τ 3 , r B t increases to 1.92 m until the DVB performs a sharp left turn around S 3 to keep track of T . Finally, r B t gradually increases 2.12 m as obstacles become sparse. In obstacle-free regions, f e t restores r B t to r max . In Fig.5(a,b) the three static obstacle positions S 1 , S 2 , S 3 are overlaid (in pink). Observe that x B t and y B t simultaneously do not intersect the same pink line (S i ) at the same exact time instant. This validates static obstacle avoidance. Fig.  5 (e,f) plots the variation of the payload's φ t and ω t . We observe that the payload rolls in accordance with r B t and varies smoothly along the trajectory thereby validating the proposed optimization. The results of decentralized robot motion planning are showcased in Fig. 6(a-d) . The link Fig. 7(1-4) , visualizes a maneuver by the multimanipulator system to avoid multiple adversarial dynamic obstacles. Notice that the bounding boxes deform over the horizon in Fig. 7(1) . In subsequent snapshots (2-4), the MPC identifies a feasible workspace for the DVB and successfully avoids dynamic obstacles. The real-time performance of this maneuver is best observed in the accompanying video.
C. Nine Static Obstacles and Two Dynamic Obstacles
An environment cluttered with 9 static obstacles and 2 dynamic obstacles is also showcased in the accompanying video. The two dynamic obstacles are adversarial as they limit the available workspace for the system. A four robot formation is tasked to manipulate a payload of dimension 2 m × 2 m × 0.1 m through the environment. Notice that the DVB successfully avoids both the dynamic obstacles moving towards it, the nearby static obstacle and the target.
V. CONCLUSIONS AND FUTURE WORK In this paper, a novel kinematic motion planning algorithm for cooperative mobile non-planar payload manipulation in dynamic environments is presented. Three constrained optimization problems are formulated to handle key challenges namely, (1) computationally scalable goal-directed non-planar manipulation, (2) environmental obstacle avoidance, and, (3) inter-robot obstacle avoidance. Our solution however has the following limitations (1) the obstacles are conservatively approximated as uniform cylinders, this can be highly limiting for navigating tight spaces or avoiding height obstacles, (2) the current algorithm is only applicable to holonomic robot drives, (3) target tracking is only based on known positional information about the target and does not use a perception driven methodology. In the future, we plan to address the aforementioned limitations by incorporating obstacle spatial shape constraints, developing non-holonomic control extensions and physically validate the algorithm on real robots using perception-driven target tracking algorithms as introduced in [15] , [18] .
